Many methods for monitoring diet and food intake rely on subjects self-reporting their daily intake. These methods are subjective, potentially inaccurate and need to be replaced by more accurate and objective methods. This paper presents a novel approach that uses an Electroglottograph (EGG) device for an objective and automatic detection of food intake. Thirty subjects participated in a 4-visit experiment involving the consumption of meals with self-selected content. Variations in the electrical impedance across the larynx caused by the passage of food during swallowing were captured by the EGG device. To compare performance of the proposed method with a well-established acoustical method, a throat microphone was used for monitoring swallowing sounds. Both signals were segmented into non-overlapping epochs of 30 s and processed to extract wavelet features. Subject-independent classifiers were trained using Artificial Neural Networks, to identify periods of food intake from the wavelet features. Results from leave-one-out crossvalidation showed an average per-epoch classification accuracy of 90.1% for the EGGbased method and 83.1% for the acoustic-based method, demonstrating the feasibility of using an EGG for food intake detection.
Introduction
based on electronic devices was presented to overcome self-reporting problems. Some of the techniques 23 developed were based on the use of a mobile phone equipped with a digital camera (Liu et al 2012, 24 Martin et al 2009 , Weiss et al 2010 . Subjects took pictures of the meal before and after eating while a 25 computer algorithm was developed to determine the volume of food consumed using those pictures. 26 These techniques may improve the accuracy of food intake monitoring, but they still require an active 27 participation of the subjects. 28 29 Automatic methods for recognition of food intake were developed based on the identification of 30 important features related to a particular stage of the food consumption process: hand gestures, bites, 31 chewing and/or swallowing (Dong et al 2012 , Jia et al 2012 , Päßler et al 2012 Passler and Fischer 2011, Sazonov and Fontana 2012 , Sun et al 2010 . In most of the 33 proposed methods, minimal participation of the subjects is required, thus reducing the recording burden, 34 however, accuracy of food intake detection is still far from desired. A possible reason is that many 35 methods of food intake detection are based on acoustic signals , Amft 2010 al 2012,) that suffer from sensitivity from external noise, which can hamper the performance in realistic 37 environments outside of quiet laboratories. For example, used recognition of 38 swallowing sounds recorded at the throat level using a miniature microphone. Individual swallows related 39 to food intake were detected with an accuracy of 84.7% using individual models, with the experimental 40 conditions including simulated noises of urban environment. An attempt to use noise cancellation 41 techniques to improve the accuracy of food intake detection (Päßler et al 2012) used sounds recorded by a 42 microphone located in the outer ear canal and a reference microphone to cancel out external noise. This 43 method was able to detect food intake with an accuracy of 83% and to classify among 8 different food 44 items with an accuracy of 79%. The relatively low accuracy of acoustical methods suggests that a 45 methodology tolerant to significant levels of external noise would be of great interest for practical 46 applications of food intake monitoring. 47 48 This paper presents a novel approach for food intake detection based on Electroglottography. An 49 Electroglottograph (EGG) device is impervious to external noise and operates by measuring the 50 transverse electrical impedance across the neck at the larynx level. An EGG signal is recorded by sending 51 and receiving a high frequency signal through guard-ring electrodes placed at the larynx level. For that 52 reason, EGG has been widely used for speech and swallowing analysis (Childers and Larar 1984, 53 Hodgson et al , Nozaki et al 1994 , Schultz et al 1994 . Excitation frequencies ranging from 300 kHz 54 to 5 MHz are generally used, so that the current avoids the less conductive skin layer without the use of 55 an additional conductive paste (Rothenberg and Mahshie, 1988) . Typical use of guard-ring electrodes 56 provides a reference for noise reduction without the need of an extra electrode. In speech studies, EGG is 57 used to monitor changes in the electrical impedance across the larynx due to the changes in the contacts in 58 the vocal folds which are separated by glottis. During phonation the impedance across the larynx 59 increases as the vocal folds move apart and decreases when the vocal folds come closer. In swallowing 60 studies, EGG is used to monitor submental muscle activity and laryngeal elevation as suggested by (Ding 61 et al 2002) . Similar action of laryngeal elevation and submental muscle activity takes place when a bolus 62 of food passes through larynx during food swallowing, thus, EGG can potentially be used for food intake 63 detection by measuring changes in the neck impedance. According to authors' knowledge, no one has 64 reported the use of EGG for food intake detection. As a side note, Electroglottography should not be 65 confused with Electro-gastrography (measurement of electrical and magnetic fields of stomach muscle) 66 that has the same acronym (EGG) and was suggested but not studied for monitoring of food intake in 67 (Amft and Troster 2009) .
69
The goal of this study was to evaluate the feasibility of using an EGG device and the related pattern- Data from a group of 30 healthy subjects were collected for this study. Data from 5 subjects were later 82 discarded due to equipment failure (i.e., electrode detachment) and operator's error during experiments 83 (i.e., failure to center the video camera for subject observation 
106
A multimodal sensor system was used to monitor the subjects during the entire course of the experiment 107 (Fontana et al 2011) . A commercially available portable digital Laryngograph (EGG-D200 from intake by means of custom-designed LabVIEW software . In the annotation process, previous study The division of the signal into epochs resulted in some data samples labeled as food intake and some 167 data samples labeled as no food intake within the same epoch. To tackle this issue, the 50% determination In this study, a three-layer (input layer, hidden layer and output layer) feed forward neural network 218 trained by the back-propagation algorithm was used. In the input layer 50 predictors were used (one for A leave one out cross-validation procedure was used to evaluate the performance of the ANN model.
226
Data from 24 subjects was divided into non-overlapping training (80% of the data) and validation (20% of 227 the data) sets. Testing of the model was performed with data from the subject that was left out (25th 228 subject). This procedure was repeated 25 times, so that each subject could be used as the test subject.
229
Since the initial weights and bias were randomly generated, the leave-one-out cross validation procedure A statistical comparison (using t-test) was performed between ‫ܩܩܧ‬ and ‫ܥܫܯ‬ models for their ability to 247 differentiate between epochs of food intake from epochs of no food intake. Both ‫ܩܩܧ‬ and ‫ܥܫܯ‬ models 248 were evaluated for male and female subjects separately to determine if models were able to achieve 249 similar accuracies for both genders and one tailed t-test (with significance level p = 0.05) was used to 250 determine statistical significant difference between model performance. Additionally, the study's 251 population was divided into 3 groups according to subjects' BMI (normal, overweight and obese) and a 252 statistical analysis was performed to find significant differences among model performances for different 
Results

259
For food intake recognition, the results of the leave-one-out cross validation procedure showed average 260 accuracies of 90.1% (SD +/-8.50%) and 83.1% (SD +/-10.8%) for ‫ܩܩܧ‬ and ‫ܥܫܯ‬ models, respectively.
261
The box-plot in figure 4 shows the accuracy distributions for each methodology. The statistical analysis 262 showed significant differences between model performances (p value < 0.001).
264
Results of evaluating the models for both genders indicated that ‫ܩܩܧ‬ model achieved average 265 accuracies of 89.7% (SD +/-8.35%) and 90.3% (SD +/-8.97%) for female and male subjects respectively.
266
A statistical analysis showed no significant differences between models performances for males and 267 females (p > 0.05). Similarly, ‫ܥܫܯ‬ model achieved average accuracies of 85.2% (SD +/-10.3%) for male 268 and 81.1% (SD +/-11.3%) for female subjects without significant differences between performances (p > 269 0.05).
271
Results of model performances for different levels of adiposity are presented in figure 5.
272
The ‫ܩܩܧ‬ models achieved average accuracies of 91.8% (SD +/-9.00%), 84.17% (SD +/-9.92%) and 273 89.8% (SD +/-5.84%) for normal weight, overweight and obese subjects respectively. The statistical 274 analysis showed no significant differences among model performances for all BMI groups: (p > 0.05 in 275 all cases). Similarly, ‫ܥܫܯ‬ models achieved average accuracies of 84.8% (SD +/-8.49%), 70.1% (SD +/-15.4%) and 86.9% (SD +/-7.28%) for normal weight, over-weight and obese subjects respectively. There 277 were no significance differences in the performance of both models for corresponding BMI groups. with ANN classifiers to derive subject-independent food intake detection models that eliminated the need 294 for individual calibration as they account for inter-subject variability. 
299
Results suggest that the ‫ܩܩܧ‬ models achieved a statistically-significant higher average accuracy of 300 food intake detection than ‫ܥܫܯ‬ models (90% vs. 83%, respectively). This showed that EGG is potentially 301 superior for this application than the acoustic based approach with proposed signal processing and The current study has established feasibility of using EGG for food intake detection, but free-living 326 tests will be required to evaluate performance of the device over extended periods of time under realistic 327 conditions of daily living. Impedance measurement techniques such as EGG are sensitive to motion 328 artifacts that may negatively impact accuracy of food intake detection, but are plentiful in daily life. Swallowing is a complex process that involves coordinated muscle contractions, laryngeal movement 337 and passage of the food bolus. This study used changes in EGG signal due to swallowing activity to 338 detect food intake without evaluating relative contributions in impedance change from these processes. At 339 this moment it is not clear that the impedance variations were caused by the passage of food bolus, the 340 swallowing motions and muscle activity or a combination of both. Exact quantification of the contribution 341 of these phenomena to the resulting signal is beyond the scope of this manuscript, but should be 342 considered in the future as food impedance may carry information on food composition. Bolus impedance 343 may potentially carry information needed to differentiate between nutritive and non-nutritive swallowing, 344 and different food items consumed and estimate their energy density. However this hypothesis needs to be 345 carefully tested in further studies. Another possibility to characterize ingested foods is the addition of a 346 camera that can be automatically triggered to take a picture when the EGG methodology detect food 347 intake. Image processing techniques would be required to estimate portion size and the type of food. The authors have no potential conflicts of interest.
